This study aimed to establish the number of expression-based molecular subclasses in cutaneous melanoma, identify their dominant biological pathways and evaluate their clinical relevance. To this end, consensus clustering was performed separately on two independent datasets (n = 405 and n = 473) composed of publicly available cutaneous melanoma expression profiles from previous studies. Four expression-based molecular subclasses were identified and labelled 'Oxidative phosphorylation', 'Oestrogen response/p53-pathway', 'Immune' and 'Cell cycle', based on their dominantly expressed biological pathways determined by gene set enrichment analysis. Multivariate survival analysis revealed shorter overall survival in the 'Oxidative phosphorylation' subclass compared to the other subclasses. This was validated in a third independent dataset (n = 214). Finally, in a pooled cohort of 76 patients treated with anti-PD-1 therapy a trend towards a difference in response rates between subclasses was observed ('Immune' subclass: 65% responders, 'Oxidative Phosphorylation' subclass: 60% responders, other subclasses: <50% responders). These findings support the stratification of cutaneous melanoma in four expression-based molecular subclasses.
A large pooled analysis refines gene expression-based molecular subclasses in cutaneous melanoma 
Introduction
Despite the introduction of new systemic therapies, around 40% of patients with advanced cutaneous melanoma still die within the first year after initiation of systemic therapy. 1 Therefore, a need for novel treatment strategies remains. A promising approach to guide the development of novel therapeutic strategies is the stratification of tumours into gene expression-based subclasses. 2 Jönssen et al. identified four subclasses that were associated with overall survival (OS) in 57 stage IV melanoma patients. 3, 4 In 333 mRNAsequencing (mRNA-seq) samples from The Cancer Genome Atlas (TCGA), three subclasses were identified. These subclasses were univariately associated with post accession survival, defined as time from date of sample collection until death. 5 Finally, single-cell RNA-seq of 1,246 melanoma cells obtained from 14 patients identified two subclasses. 6 Generally, subclasses have been assigned a biological annotation based on a limited subset of genes and their prognostic value has been assessed in limited numbers of patients or without adjustment for validated prognostic factors.
A previous attempt by Lauss et al. to determine the similarity between subclasses showed only a limited overlap in genes (n = 34) between the genes used to define the molecular subclasses in TCGA (n = 1465) and Lund (n = 452). 7 Sample classification between the TCGA and Lund schemes applied in four datasets showed a limited overlap. As described above, research in melanoma has provided conflicting results concerning the number and biological nature of such subclasses. Finally, the association between subclass assignment and response to anti-PD-1 therapy has not previously been assessed.
Our hypothesis was that with a large pooled analysis of multiple datasets the number of subclasses in cutaneous melanoma could be identified with more certainty. In addition, we hypothesized that this refined sub classification of melanomas would be related to tumour biology and that the subclasses would have potential prognostic and predictive value for the individual patient. Therefore, the aim of this study was to refine expression-based molecular subclasses in cutaneous melanoma and to identify their dominant biological pathways. To this end, we applied the same consensus clustering procedure from the ground up in two independent datasets. Next, we extensively characterized the identified subclasses at the individual gene and biological pathway level. Furthermore, we assessed their prognostic value, which we validated in a third independent dataset, and evaluated their association to response to anti-PD-1 therapy.
Results

Data acquisition
We extracted 405 microarray gene expression profiles (Affymetrix HG-U133A or HG-U133 Plus 2.0) and available clinical data of patients with cutaneous melanoma from the Gene Expression Omnibus (GEO) and labelled these as the GEO-dataset. Additionally, the mRNA-seq and clinical data from the cutaneous melanoma set from TCGA were collected, containing 473 samples representing 469 patients. This dataset was labelled the TCGAdataset. A third independent dataset containing 214 samples (Illumina HumanHT-12) was obtained from GEO accession number GSE65904 and labelled the Cirenajwis-dataset. Finally, processed expression data from pre-treatment melanomas obtained from patients undergoing anti-PD-1, anti-CTLA-4 or anti-PD-1/ anti-CTLA-4 combination therapy was obtained from GEO accession numbers GSE78220 (Hugo-dataset), GSE91061 (Riazdataset) and GSE115821 (Auslander-dataset).
The GEO-dataset contained more stage III/IV samples (~90%) compared to the TCGA-dataset (~41%) and fewer stage I/II samples (~5%) compared to the TCGA-dataset (~50%) ( Table 1 ). In the GEO-dataset 14% of samples (n = 55) were obtained from primary tumours, 27% (n = 108) from (sub)cutaneous or in transit metastases and 47% (n = 191) from metastases in distant or regional lymph nodes, viscera, or an unknown location. In 13% of samples (n = 51) it was unknown whether the biopsy was taken from a primary tumour or metastatic lesion. In the TCGA-dataset 22% of samples (n = 102) were obtained from primary tumours, 47% (n = 222) from regional lymph node metastases, 21% (n = 99) from (sub)cutaneous or in-transit metastases and 9% (n = 43) from distant metastases in soft tissue, distant lymph nodes, viscera, bones, CNS or an unknown location. Of the biopsies taken from primary tumours, 69% (n = 70) were staged as stage I/II disease and of the biopsies taken from regional lymph node metastases 42% (n = 94) were staged as stage III disease. Of all samples in the TCGA-dataset, 28% (n = 130) were obtained within 30 days and 39% (n = 182) within 90 days after the time of diagnosis. However, it should be noted that 59% (n = 277) of the tumour biopsies in the TCGA-dataset were taken more than 90 days later than the moment of initial diagnosis and staging, and therefore not always optimally reflect the tumour biology at time of initial diagnosis. According to the available data, 3% of patients (n = 12) in the TCGA-dataset were treated with BRAF/MEK-inhibitors, 4% were treated with immune checkpoint inhibitors (n = 19) and 9% were treated with chemotherapy (dacarbazine or other; n = 44). Of all patients 15% (n = 69) were treated with other systemic therapies such as interferon and interleukin-2 or with vaccination therapy. In 69% of patients (n = 325) no data on systemic therapy was available. Of these patients, 48% (n = 156) had stage I/II disease and 36% (n = 117) had stage III disease. Therefore, it can be assumed that these patients were treated with local excision of the tumour, with or without lymph node dissection and/or radiotherapy and did not receive systemic therapy. The remaining patients were either staged as stage IV disease (n = 20) or had an unknown tumour stage (n = 26). It was unknown if these patients received systemic therapy.
The Cirenajwis-dataset consisted solely of samples obtained from patients with stage III/IV disease. Treatment data in the Cirenajwis-dataset was not available. The Hugo-dataset consisted of 27 pre-treatment tumour samples from patients treated with anti-PD-1 therapy. In the Riaz-dataset, 49 pre-treatment tumour samples were available obtained from patients treated with anti-PD-1 therapy and in the Auslander-dataset six pre-treatment samples were available obtained from three patients treated with anti-PD-1 therapy. Relevant sample, patient and treatment characteristics for all datasets are provided in Supplementary Table 1.
Consensus clustering
We identified four consensus clusters in the GEO-dataset, with clustering stability increasing up to four clusters (Figure 1 (a) Supplementary Fig. S1A-C) . In the TCGA-dataset we observed a more gradual levelling of clustering stability (Figure 1(b) , Supplementary Figure 1D-F) . When evaluating five clusters Table 1 . Summary of the baseline characteristics of patients in the GEO-, TCGA-and Cirenajwis-dataset. we observed four clusters of substantial size (range n = 35 to n = 169) representing~99% of samples in the TCGA-dataset. Cluster assignments in both datasets are provided in Supplementary Table 2 .
A high concordance with a clear one-to-one mapping between clusters identified independently in the GEO-and TCGA-dataset was observed at the individual gene and biological pathway level across all gene set databases from the Molecular Signature Database (Supplementary Figure 2) .
Biological characterization
GEO-dataset cluster 1 showed the strongest one-to-one mapping (R = 0.68) with TCGA-dataset cluster 1. These clusters were assigned the subclass label 'Oxidative phosphorylation' because the Hallmark gene set oxidative phosphorylation was the most significantly enriched pathway in both clusters. In addition, we observed high expression of the genes microphthalmia-associated transcription factor (MITF) and peroxisome proliferator-activated receptor gamma co-activator 1 alpha (PPARGC1A, also known as PGC1α) (Figure 1(c) ).
We observed high similarity (R = 0.47) between GEO-dataset cluster 2, and TCGA-dataset cluster 4 and these were assigned the subclass label 'Oestrogen response/p53-pathway' because in both the top-3 enriched Hallmark gene sets were: oestrogen response early, oestrogen response late and p53-pathway.
GEO-dataset cluster 3 showed the strongest one-to-one mapping (R = 0.61) with TCGA-dataset cluster 2. In both clusters, the most enriched Hallmark gene sets were immune related, such as the interferon-γ response gene set. We therefore labelled these consensus clusters 'Immune'.
GEO-dataset cluster 4, and TCGA-dataset cluster 3, showed high similarity (R = 0.60) and were assigned the label 'Cell cycle' as in both the top three enriched gene sets included the Hallmark gene sets E2F targets and G2M checkpoint.
Detailed gene set enrichment results are provided as Supplementary Data.
Comparison with previously published molecular subclasses
We compared our subclasses with those defined by Jönsson et al. 3 and found the strongest concordance between our 'Oxidative phosphorylation' and their 'Pigmentation' subclass (R = 0.64), our 'Immune' and their 'Immune high' subclass (R = 0.79), our 'Cell cycle' and their 'Proliferative' subclass (R = 0.60), and between our 'Oestrogen response/p53-pathway' and their 'Normal-like' subclass (R = 0.78).
Comparison of our subclasses with those defined by the TCGA 5 showed high enrichment of the gene set representing their 'Immune'-gene set in our 'Immune' subclass, high enrichment of the their 'MITF-low'-gene set in our 'Cell cycle' subclass and high enrichment of the 'Keratin'-gene set in our 'Oestrogen response/p53-pathway' subclass. None of the gene sets representing the subclasses identified by TCGA Network showed strong enrichment within our 'Oxidative phosphorylation' subclass. However, the gene set belonging to the 'MITF-high' subclass identified by Tirosh et al. 6 did show strong enrichment within our 'Oxidative phosphorylation' subclass. The gene set belonging to the 'AXL-high' subclass as defined by Tirosh et al. was not enriched in a specific subclass identified in our study.
A detailed overview of the concordance between our subclasses and previously defined subclasses is shown in Figure 2 and Supplementary Table 3.
Figure 2. Concordance with previously described subclasses. Concordance between our subclasses and those described by TCGA Network and Tirosh et al. was determined by performing GSEA using the representative set of genes for each of the previously described subclasses. 5, 6 Concordance with the subclasses defined by Jönsson et al. was assessed by matching the gene expression-based centroid for each subclass with the Z-transformed p-values resulting from the pairwise class comparisons. 4 Subsequently, Spearman's rank correlations were calculated between the centroids and the ranked lists with the Z-transformed two-sided p-values. The thickness of the lines between subclasses indicates the significance level of concordance. 
Association with clinicopathological variables
No difference in Breslow thickness, presence of tumour ulceration or frequency of BRAF, NRAS, KIT or NF1 mutations was observed between subclasses in the TCGA-dataset. KRAS mutations were only observed within the 'Oxidative phosphorylation' subclass, but the prevalence was low (n = 5 out of 150). However, it should be noted that the association between subclass assignment and baseline tumour characteristics is preferably assessed in samples obtained from the primary melanoma lesion, since metastatic lesions may not share their phenotype with the primary lesion. All associations between subclasses and clinicopathological variables in the TCGA-dataset are provided in Supplementary  Table S4 .
In the GEO-dataset, estimated fractions of CD8 + T-cells, CD4
+ T-cells, M1 macrophages, plasma cells and naïve B-cells were higher in the 'Immune' subclass compared to the other subclasses ( Figure 3 and Supplementary Figure 3) . In the 'Oestrogen response/p53-pathway' subclass, a higher fraction of resting mast cells and resting and activated dendritic cells was observed. The highest fraction of activated mast cells was observed in the 'Cell cycle' subclass.
Survival analysis
In the TCGA-dataset subclass assignment was associated with OS independently of age, gender and stage in a multivariate Cox regression analysis (Table 2 , number of samples and events in each dataset are listed in table footnote). Longer OS was observed in the 'Immune' subclass compared to the 'Oxidative phosphorylation' subclass (Hazard-ratio (HR): 2.01, p-value: 0.004) and compared to the 'Cell cycle' subclass (HR: 1.51, p-value: 0.04) (Figure 4(a) (Figure 4(b) ). Post accession survival, defined as time from sample procurement to death or lost to follow-up, was shorter in the 'Immune' subclass compared to both the 'Oxidative phosphorylation' subclass (HR: 1.68, p-value: 0.008) and the 'Cell cycle' subclass (HR: 1.69, p-value: 0.009) (Figure 4(c) ). It should be taken into account that these plots do not visualize the effects of other factors besides subclass assignment that influence OS such as age, gender and tumour stage. Similarly, the Log Rank (Mantel-Cox) test does not take into account these factors. Additionally, the same trend in association of OS with subclass assignment was observed in the GEO-dataset for both the 'Immune' and 'Oxidative phosphorylation' subclass, although limited data was available (Supplementary Figure 4) .
Response to anti-PD-1 therapy
In the Hugo-dataset, ten patients were assigned to the 'Oxidative phosphorylation' subclass, six patients to the 'Immune' subclass, four patients to the 'Oestrogen response/p53-pathway' subclass and seven patients to the 'Cell cycle' subclass. In the Riaz-dataset, 20 patients were assigned to 'Oxidative phosphorylation' subclass, 11 patients to the 'Immune' subclass, ten patients to the 'Oestrogen response/p53-pathway' subclass and eight to the 'Cell cycle' subclass. When pooling the data, we observed a difference in the distribution of responders between the subclasses, with 18 responders (60%) in the 'Oxidative phosphorylation', eleven responders Figure 3 . Boxplots of estimated immune cell fractions in each GEO-dataset consensus cluster. We applied the recently developed CIBERSORT method to estimate the fraction of 22 immune cell types. In the 'Oestrogen response/p53-pathway' subclass, higher estimated fractions of resting mast cells were observed as compared to the other clusters. In the 'Immune' subclass, estimated fractions of M1 macrophages, activated CD4 + memory and CD8 + T-cells, naïve B-cells and plasma cells were higher as compared to other subclasses.
(65%) in the 'Immune' subclass, six (43%) responders in the 'Oestrogen response/p53-pathway' subclass and six responders (40%) in the 'Cell cycle' subclass ( Table 3 ). The subclass annotation for each sample in the Hugo-, Riaz-and Auslander-datasets are provided in Supplementary Table 5 .
Discussion
In this largest pooled analysis of expression profiles of cutaneous melanoma samples thus far, we identified four gene expression-based molecular subclasses that showed an association with survival. Additionally, we observed a trend towards differential response rates to anti-PD-1 therapy between these subclasses.
In contrast to the four subclasses based on complex tissue biopsies identified in this study, single-cell RNA-seq identified only two subclasses. 6 Expression profiling of complex tissue biopsies measures the average expression pattern of all cells present in the sample. These may include tumour cells as well as other cells present in the tumor-microenvironment. 8 The samples in the GEO-and TCGA-datasets are all obtained from such complex tissue biopsies. Therefore, it may be deemed likely that the additional subclasses we identified capture all cellular components within a tumour lesion. Since the tumourmicroenvironment (TME) is related to melanoma development and progression, these components are of interest from a biological point of view. 9 None of the subclasses we identified showed high similarity to the 'AXL-high' subclass detected using single-cell RNA-seq. This may be due to intra-tumour heterogeneity causing the 'AXL-high' subclass population in a tumour to be overshadowed by more prominent subpopulations present within a complex biopsy. 8 We observed the shortest OS in the 'Oxidative phosphorylation' subclass. In this subclass, we also observed high expression of MITF, a known biomarker for poor prognosis in melanoma. 10 MITF is critical in reprogramming metabolism through direct regulation of PGC1α expression, a transcriptional co-activator that enhances mitochondrial biogenesis and oxidative phosphorylation. 10, 11 These processes are required for ATP and biomass production and thus support cancer cell proliferation. [12] [13] [14] Drugs targeting oxidative phosphorylation, such as mitochondrial complex 1 inhibitors and glutamine uptake inhibitors, reduce melanoma cell growth in vitro and in xenograft models in vivo. 15, 16 During oxidative phosphorylation reactive oxygen species (ROS) are generated. 17 In a mouse model it has been shown that the deacetylase inhibitor vorinostat can lead to a lethal ROS level in melanoma cells with increased ROS levels and can induce responses in patients with BRAF resistant melanoma. 18 Further investigation of vorinostat is of interest in the subclass of melanoma with enhanced oxidative phosphorylation. We also observed a trend towards a higher tumour response rate (60%) to anti-PD-1 therapy in patients with melanomas within the 'Oxidative phosphorylation' subclass. In many cancer types, including melanoma, glucose uptake is high. 19 Subsequent high glycolytic rates provide ATP and glycolytic intermediates to support biomass production and results in excretion of metabolites such as lactate acid and CO 2 . 20 These excreted metabolites are a major cause of acidification of the tumour-microenvironment. Low pH-levels impair NK-and T-cell effector function. 21 Enhanced utilization of oxidative phosphorylation might reduce lactate acid production, thereby providing an immune permissive tumour-microenvironment leading to a more potent response to anti-PD-1 therapy. Modulating tumour metabolism, either by targeting enhanced oxidative phosphorylation or by reducing tumour lactate production in combination with checkpoint inhibition may be interesting treatment strategy.
Alternatively, the high expression of genes related to oxidative phosphorylation could reflect the expression pattern of other cells in the TME, such as T-cells or macrophages. In T-cells, metabolic rewiring towards aerobic glycolysis upon T-cell activation is essential to support the differentiation and function of T-effector cells. 22, 23 PD-1 ligation of T-cells rewires T-cell metabolism towards an increased rate of fatty acid oxidation and increased utilization of endogenous lipids for β-oxidation to sustain their survival. 22 This phenotype is associated with differentiation towards memory T-cells. 24 In addition, PD-1 ligation of T-cells results in a significant decrease in levels of the cellular antioxidant glutathione, indicating a more oxidative environment. It could be hypothesized that the relative high expression of genes related to oxidative phosphorylation in the 'Oxidative phosphorylation' subclass could reflect a phenotype that has resulted from PD-1 ligation of T-cells in the TME. This hypothesis implies an important role for PD-1/PD-L1 pathway activation for successful immune evasion by the tumour in this subclass. In theory, blocking the PD-1/PD-L1 pathway to reinvigorate the anti-cancer immune response would be especially effective in this subclass.
Additionally, in patients with coronary artery disease, enhanced influx of pyruvate into the mitochondria of macrophages leads to enhanced expression of PD-L1 by macrophages through activation of the p-SMAD1/5/IRF1 signalling cascade by BMP4. 25 Assuming that the same mechanism can occur in macrophages in the TME in melanoma, it could also be hypothesized that the high expression of genes related to oxidative phosphorylation in the 'Oxidative phosphorylation' subclass reflect the expression pattern of macrophages utilizing enhanced oxidative phosphorylation. Subsequent enhanced expression of PD-L1 by these macrophages could then lead to suppression of the anti-tumour immune response. Again, this hypothesis implies a central role for the PD-1/PD-L1 pathway to counteract the anti-tumour immune response, providing a theoretical basis for anti-PD-1 therapy in this subclass. Our observation of a trend towards a higher response rate to anti-PD-1 therapy in the 'Oxidative phosphorylation' subclass is in line with these hypotheses.
The 'Immune' subclass was associated with longer OS compared to other subclasses. In this subclass, we observed relatively high estimated fractions of M1 macrophages, CD8
+ T-cells and high enrichment of the interferon-γ response pathway. Both high CD8 + T-cell density in the tumour-microenvironment and the presence of a strong interferon-γ cytolytic T-cell signature have been related to a favourable response to immune checkpoint inhibitors. 26 Recently, it was shown that in breast cancer patients a higher fraction of M1 macrophages in the tumour is independently associated with a higher rate of pathological complete response and prolonged OS. 27 The association of the M1 macrophage subpopulation with disease outcome in breast cancer and the high M1 macrophage fraction in the 'Immune' subclass in melanoma is of particular interest considering the development of therapeutic interventions targeting macrophages. 28 The 'Cell cycle' subclass was characterized by high expression of E2F-target genes. E2F is activated by cyclin-dependent kinases (CDK) 4 and 6 through the CDK4-pathway. 29 Preclinical studies have shown effectiveness of CDK4-pathway inhibition in melanoma cell lines, especially when combined with BRAF-and MEK-inhibitors. 30 Moreover, a phase I trial in 26 melanoma patients treated with a selective CDK4/6 inhibitor showed a partial response in one and stable disease in six patients. 31 Notably, the patient with partial response was shown to have an NRAS mutation and copy-number loss at the Inhibitors of CDK4 (INK4) locus, inducing aberrant CDK4 and CDK6 activity. In light of these publications a possible E2F-target driven melanoma subclass is of particular interest.
Due to the low number of samples in the 'Oestrogen response/p53-pathway' subclass, the association with OS could not be ascertained. However, the expression of oestrogen response pathway genes may have clinical implications. Hormone therapy, such as the selective oestrogen receptor modifier tamoxifen, has shown to have varying effects on OS in cutaneous melanoma in various studies. 32 Enhanced expression of oestrogen receptor signalling pathways conferred resistance to MAPK-inhibiting therapies in melanoma cell lines. 33 The identification of a subclass with high oestrogen response pathways might justify renewed interest in research towards hormonal therapy in cutaneous melanoma in this subclass.
A large proportion of samples included in the TCGAdataset was not collected at initial diagnosis but during the course of disease. Expression profiles obtained from these samples might not optimally reflect the molecular state of the disease at initial diagnosis and therefore are not preferably used to assess OS. 9 However, the clear association between subclass assignment and OS in both the TCGAdataset and the Cirenajwis-dataset and the clear association between subclass assignment and post accession survival in the TCGA-dataset underlines the clinical relevance. Additionally, the relevance of the subclasses in relation to contemporary therapies such as immune checkpoint inhibitors could only be assessed in a very small set of samples. These limitations emphasize the need to validate these subclasses in a homogeneous set of primary, untreated cutaneous melanoma samples. In addition, the clinical relevance of the subclasses should be validated in a prospective observational cohort of patients with untreated metastasized melanoma eligible for anti-PD-1, anti-CTLA-4 or combination therapy, with inclusion of a tumour biopsy prior to the start of systemic therapy. However, despite the different profiling methods that were used to generate the GEO-and TCGA-datasets, and despite the differences in patient and tumour characteristics, there was a high degree of reproducibility between the four identified subclasses within the datasets. This reflects the solidity of the subclasses identified in this study. Our analysis provides, for the first-time, compelling crossplatform evidence for the existence of four molecular subclasses in cutaneous melanoma. Additionally, we show that these subclasses are characterised by distinct biological pathways and have a significant association with disease outcome. Finally, we show for the first time a trend towards differential response rates to anti-PD -1 therapy between these subclasses. These results can guide clinicians and drug developers in developing new treatment strategies in cutaneous melanoma.
Methods
Consensus clustering and biological characterization
Consensus clustering (ConsensusClusterPlus, version 1.24.0) and biological characterization with gene set enrichment analysis (GSEA) was performed independently in the GEO and TCGA-dataset. To identify differentially expressed genes in a cluster, we performed a class comparison between the set of samples assigned to the cluster and the set of samples assigned to any of the other clusters. Subsequently, GSEA -utilizing a large panel of gene set databases available at the Molecular Signature Database -was performed on the ranked list of differentially expressed genes per cluster.
To assess the concordance between the clusters identified in the GEO-and TCGA-dataset, we determined Spearman's rank correlations between the ranked lists of differentially expressed genes and performed average linkage hierarchical clustering on the gene set enrichment vectors of individual consensus clusters.
Concordance with previously reported subclasses
Concordance between subclasses identified in this study and the subclasses described by TCGA Network and Tirosh et al. was determined by performing GSEA with the set of representative genes for each of the previously described subclasses. 5, 6 Jönsson et al. reported a gene expression-based centroid per subclass. 3 Spearman's rank correlations were calculated between these centroids and our ranked lists of differentially expressed genes.
Determination of in silico immune cell type fractions
CIBERSORT was used to estimate the fractions of 22 immune cell types for each sample in the GEO-dataset. 34 Associations between consensus clusters and immune cell type fractions were determined with the Kruskal-Wallis test.
Survival analysis
Multivariate Cox regression analysis was performed to assess the association of subclass assignment with OS and post accession survival in the TCGA-dataset, with covariates age, gender and stage for OS and age, gender and biopsy location for post accession survival. Association of subclass assignment with OS was validated in the Cirenajwis-dataset in the same manner.
A detailed description of all methods, including the method for subclass assignment in the Cirenajwis-dataset, Hugo-dataset, Riaz-dataset and Auslander-dataset, is provided in the Supplementary Methods.
